Fires and the aerosols that they emit impact air quality, health, and climate, but the abundance and properties of 18 carbonaceous aerosol (both black carbon and organic carbon) from biomass burning (BB) remain uncertain and poorly 19 constrained. We aim to quantify the uncertainties associated with fire emissions and their air quality and radiative impacts 20 from underlying dry matter consumed and emissions factors. To explore this, we compare model simulations from a global 21 chemical transport model, GEOS-Chem, driven by a variety of fire emission inventories with surface and airborne 22 observations of black carbon (BC) and organic aerosol (OA) concentrations and satellite-derived aerosol optical depth 23 (AOD). We focus on two fire detection/burned area-based (FD/BA) inventories using burned area and active fire counts, 24 respectively: the Global Fire Emissions Database version 4 (GFED4s) with small fires and the Fire INventory from NCAR 25 version 1.5 (FINN1.5) and two fire radiative power (FRP)-based approaches: the Quick Fire Emission Dataset version 2.4 26 (QFED2.4) and the Global Fire Assimilation System version 1.2 (GFAS1.2). We show that, across the inventories, emissions 27 of BB aerosol (BBA) differ by a factor of 4 to 7 over North America and that dry matter differences, not emissions factors, 28 drive this spread. We find that simulations driven by QFED2.4 generally overestimate BC and, to a lesser extent, OA 29 concentrations observations from two fire-influenced aircraft campaigns in North America (ARCTAS and DC3) and from 30 the Interagency Monitoring of Protected Visual Environments (IMPROVE) network, while simulations driven by FINN1.5 31 substantially underestimate concentrations. The GFED4s and GFAS1.2-driven simulations provide the best agreement with 32 OA and BC mass concentrations at the surface (IMPROVE), BC observed aloft (DC3 and ARCTAS), and AOD observed by 33 MODIS over North America. We also show that a sensitivity simulation including an enhanced source of secondary organic 34 aerosol (SOA) from fires based on the NOAA Fire Lab 2016 experiments produces substantial additional OA; however, the 35 spread in the primary emissions estimates implies that this magnitude of SOA cannot be either confirmed or ruled out when 36 comparing the simulations against the observations explored here. Given the substantial uncertainty in fire emissions, as 37 represented by these four emission inventories, we find a sizeable range in BBA population-weighted exposure over Canada 38 and the contiguous United States (0.5 to 1.6 µg m -3 ). We also show that the range in the estimated global direct radiative 39 effect of carbonaceous aerosol from fires (-0.11 to -0.048 W m -2 ) is large and comparable to the direct radiative forcing of 40 OA (-0.09 W m -2 ) estimated in AR5. Our analysis suggests that fire emissions uncertainty challenges our ability to 41 accurately characterize the impact of smoke on air quality and climate. 42
FINN1.5 follows the same FD/BA approach as GFED4s but with some differences, including: burned area is estimated from 199 active fire detection identified with the MODIS Thermal Anomalies Product (Giglio et al., 2006) (2) 211 where α is the emission coefficient (kg DM J -1 ), EFS is the species-specific emission factor (g species/kg DM), and FRE in 212 joules (is fire radiative energy or the integral of fire radiative power (FRP in J s -1 ) over time. 213 214 This FRP-based approach takes advantage of an empirically derived linear relationship between the energy released as 215 thermal radiation (FRE) and the mass of fuel or DM consumed during combustion (Wooster 2002; Wooster et al. 2005; 216 Ichoku and Kaufman 2005). This basic relationship is supported by the fact that the energy released by burning the same 217 amount of a fuel is similar regardless of vegetation type (Wooster et al. 2005 ). The energy from combustion processes not 218 transferred into the environment (through conductive, evaporative, and convective processes) is released as infrared 219 radiation, which is then assumed to be proportional to the total energy produced during combustion. One can then relate the 220 amount of fuel burned with the time-integrated FRE using an emission coefficient (α). In laboratory studies, the coefficient 221 appears to be universal, i.e. independent of fuel type (Wooster et al. 2005) . were based on the GEOS model, and depend on the underlying model configuration, most importantly, the single assumed 237 OM:OC ratio of 1.4, but also the specific anthropogenic emissions and the radiative properties of aerosols in the model. 238
Thus, these enhancement factors that scale to AOD could differ substantially in a model that treats these factors differently. 239
To our knowledge, these differences have not been accounted for in previous model studies that have used QFED (e.g., Kim . We make no effort to re-derive the 241 biome-specific enhancement factors for GEOS-Chem. In an effort to ensure that global totals of emitted BC and OA are 242 consistent with those reported by QFED2.4, we scale down emissions by a uniform factor of 0.69 (1.4/average OM:OC ratio 243 in GEOS-Chem in 2012). QFEDv2.4 provides daily mean emissions and is available at 0.1° resolution from 2003 -2016. 244 GFAS1.2 provides daily mean emissions and is available from 2003 -2019 at 0.1° resolution. 245 246 Some advantages of QFED2.4, GFAS1.2, and other FRP-based inventories are that the uncertain factors used in FD/BA 247 inventories to convert burned area to DM consumed (fuel load and combustion completeness) can be bypassed, and that FRP 248 observations are more sensitive to small fires than burned area observations (MODIS has detection limits of ~5MW and 249 50m 2 , respectively). On the other hand, active fire observations (both active fire counts and FRP) can only detect fires during 250 the burning phase, while the accumulated burned area can be detected for an extended period of time after the burning phase. 251 FRP-based emission estimates therefore contain errors due to assumptions on undetectable fire activity under cloud cover 252 and between satellite overpasses (for low-earth orbiting instruments like MODIS). Smouldering and peat fires are difficult to 253 quantify with both methods: FRP-based approaches suffer from weak thermal signatures and uncertain emission coefficients 254 (Darmenov and da Silva 2013), and FD/BA-based approaches suffer from missing information on burn depth and thus 255 combustion completeness. 256
In-situ observations 257
The ARCTAS (Arctic Research of the Composition of the Troposphere from Aircraft and Satellites) summer airborne 258 campaign surveyed large swaths of the Arctic with an emphasis on probing forest fire smoke plumes using the NASA DC-8 259 aircraft from June 18 to July 13, 2008 (Jacob et al. 2010) (see Fig. 1 
for flight tracks). Black carbon mass concentrations 260
were measured with a single particle soot photometer (SP-2, Schwarz et al. 2008) . For ARCTAS, the SP-2 detection range 261 for particle diameter is 80-860nm, and the uncertainty is estimated to be 10% ( Fig. S1 . We focus on BC and OC (note that inventories provide OC, not OA) emissions in our analysis, but also provide a 309 summary of CO for context, which generally follows the trends observed for OC (as does NOx, not shown). Globally, 310 emissions of BC and OC are highest in QFED2.4 (3.1Tg yr -1 and 28.3Tg yr -1 , respectively) but emissions are also most 311 variable in this inventory (i.e., more variability from 2004-2016 as evidenced by the taller boxplots) ( Fig. 2 ). Average global 312 annual emissions are smallest in GFED4s for BC, and, for OC and CO, FINN1.5 emissions are smallest -though very 313 similar to GFED4s for OC and similar to QFED for CO. Global mean BC emissions differ by roughly a factor of 2.3 across 314 the inventories while mean annual OC emissions differ by less (~ a factor of 1.7). The inventories show a smaller range in 315 mean CO emissions (~ a factor of 1.1): from GFAS1.2 (360Tg yr -1 ) to FINN1.5 (327Tg yr -1 ). 316
317
The spread in BBA emissions across North America is larger than that seen globally. In BONA, mean annual BC and OC 318 emissions show a factor of roughly five and four range, respectively, from the smallest, FINN1.5 (0.02Tg yr -1 and 0.4Tg yr -1 , 319 respectively), to the largest, GFAS1.2 (0.1Tg yr -1 and 1.7Tg yr -1 , respectively). The relative magnitudes of the four 320 inventories are consistent across species for CONUS with QFED2.4 largest (0.09Tg yr -1 and 1.3Tg yr -1 , for BC and OC 321 respectively), followed by GFAS1.2 (0.04Tg yr -1 and 0.5Tg yr -1 , for BC and OC respectively), and then FINN1.5 (0.03Tg yr -322 1 and 0.2Tg yr -1 , for BC and OC respectively) and GFED4s (0.01Tg yr -1 and 0.3Tg yr -1 , for BC and OC respectively) -where 323 the exception is that the mean OC emissions from GFED4s are slightly larger than those of FINN1.5. The range of values is 324 very similar for BC and OC in CONUS (a factor of ~7 for BC and ~6 for OC). smoke where the quantity of SOA production is not well constrained. 341
342
We quantify how the range in EFs contributes to the overall spread in BBA emissions. First, we divide emissions by the 343 applied EFs to estimate the underlying dry matter (DM) consumed across inventories in the same regions and years as our 344 emissions analysis ( Fig. 4 ) to isolate the importance of EFs. We note that the two-FD/BA inventories (GFED4s and 345 FINN1.5) quantify DM consumption in the construction of the inventory; however, for the FRP-based inventories (QFED2.4 346 and GFAS1.2) this division results in an effective DM consumed (FRE multiplied by an emission coefficient). We show DM 347 calculated from BC emissions except for QFED2.4, where we use the effective DM calculated from the CO emissions so as 348 to avoid any confounding issues with the aerosol strength scaling factors discussed briefly in Sect. 2.2. Across all regions, 349 the range in DM tracks very closely the range observed across emissions, suggesting that the uncertainty in the underlying 350 DM, not EFs, is the predominant factor in emissions uncertainty. We note that the large range in the DM consumed globally 351 alongside the similar global CO emissions indicates that large differences in the EFs of CO and different vegetation 352 interannual differences while FINN1.5 shows the greatest interannual variability and different maximum and minimum 375 years. We note that 2012 is a fairly typical fire year (see Fig. 5 ), and much of the following analysis will focus on this year. 376
377
We also explore the seasonality of BC and OC emissions represented in the inventories for BONA, CONUS, and globally 378 across the same 13 years (Fig. 6 ). The seasonality, including relative magnitude, is generally consistent across regions and 379 species. Some seasonal features (e.g., the October-November enhancement in BONA and the springtime enhancement in 380 CONUS) are only visible in the three inventories that rely on active fire counts or FRP -FINN1.5, QFED2.4, and GFAS1.2 381 -which is consistent with work suggesting that these methodologies pick up small fires better than GFED4s (Kaiser et al. 382 2012). The fall peak in the boreal region is driven by fires in eastern British Columbia. The seasonal CONUS springtime 383 peak is primarily associated with small fires (as identified in GFED4s), likely linked to agricultural burns. 384
How emissions uncertainty impacts mass concentrations and AOD 385
Given the large range in fire emissions, we use observations to try to assess which, if any, inventory is most realistic. We use 386 IMPROVE surface observations and two airborne campaigns to compare with model simulations driven by each inventory. 387
As another constraint on aerosol abundance, we also compare model AOD with MODIS-observed AOD in North America. 388
389
We test the model against IMPROVE observations of surface concentrations across the US and find significant variation in 390 model skill across the inventories with QFED2.4 generally biased high and FINN1.5 low ( Fig. 7 & 8) . Seasonal comparisons 391 of IMPROVE surface concentrations with simulated concentrations driven by the four different inventories show similar 392 patterns across aerosol species but significant differences between the western and eastern US (Fig. 7) . This is likely related 393 to how well the inventories capture the differences in burning regimes in the western (predominantly wildfires) and eastern We find that concentrations driven by the various inventories perform somewhat differently against each of the campaigns 427 towards the surface, while FINN1.5 simulations are nearly always biased low ( Fig. 9 & 10) . QFED2.4 has been constrained 429 to observed AOD, so one could assume that it would perform best. We find that after adjusting the QFED2.4 emissions 430 downward to account for our different OM:OC ratio, QFED2.4 simulations of OA do match observed concentrations fairly 431 well; however, BC concentrations remain much too high. This suggests that the QFED2.4 biome-specific adjustment factors 432 should not be applied to BC and that the scaling factor applied in this inventory to match AOD constraints may be 433 accounting for errors in other properties (i.e. optical properties or background aerosol), not fire emissions. This is consistent 434 with recent work showing that even when observed and modelled concentrations agree in the Amazon, observed and 435 modelled AOD sometimes do not (Reddington et al., 2019) . Over the continental US ( Fig. 9 observations. However, our previous analysis using the default scheme demonstrates that the range in estimated POA is so 491 large that it is challenging to say how much additional OA mass from SOA from BB would be consistent with the 492 observations. In particular, even with negligible SOA the model already matches observed OA with at least one inventory 493 (QFED2.4). With this new parameterization, we show a roughly order of magnitude increase in the BB SOA burden (and thus more than a doubling of total OA) from GFED4s in 2012 with similar increases across the other inventories. Figure 12 We next explore how uncertainty in fire emissions affects estimates of air quality impacts. We show the differences in fire 507 PM2.5 (PM under 2.5 microns) exposure spatially ( Fig. S4 ) and quantify the range in population-weighted fire PM2.5 exposure 508 in 2012 across North America (Canada and CONUS only) given by the four inventories. We calculate fire PM2.5 exposure by 509 averaging surface concentrations of the sum of BC and OA from BB across North America in 2012. We then calculate 510 population-weighted annual fire PM2.5 for each inventory by using population data from the Gridded Population of the 511 World, Version 4 (GPWv4), created by the Center for International Earth Science Information Network (CIESIN) and 512 available from the Socioeconomic Data and Applications Center (SEDAC) (Accessed 6 February 2019). We linearly 513 interpolate the gridded UN-adjusted population count dataset, which has a native resolution of 30 arc-seconds and provides 514 population estimates for 2000, 2005, 2010, 2015, and 2020, to 2012 and grid the data to the GEOS-Chem nested grid 515 (0.5x0.625°). Figure 13 shows that the range in BBA emissions carries forward to uncertainty in 2012 North America fire 516 PM2.5 exposure with a range of 0.5 -1.6µg m -3 . The World Health Organization (WHO) air quality guidelines for annual 517 mean PM2.5 are 10 µg m -3 , and the US EPA annual standard for PM2.5 is 12 µg m -3 . Thus, the range in fire PM2.5 exposure 518 across the inventories in North America is equivalent to roughly 10% of these air quality standards. In addition, the 519 population-weighted mean PM2.5 exposure due to fires in North America varies by about a factor of two between different 520 years, reflecting the location and intensity of different fire events (see whitening; however, uncertainties on the magnitude and the evolution of absorption of BrC remain large. We treat OA as 536 scattering here, which may lead to a positive bias in the total DRE of carbonaceous aerosol from smoke, thus we focus on the 537 range in values associated with the use of various fire inventories rather than the absolute magnitude of the DRE. The range 538 across the 2012 annual global mean inventory-driven BBA DRE is -0.062 W/m 2 , which is comparable to the magnitude of 539 the direct radiative forcing of OA (-0.09 W m -2 ) reported in the in AR5 (IPCC 2013). Only some fires contribute to the DRF, 540 but we have shown here that the uncertainty in BBA DRE as represented by the spread in values driven by different 541 inventories is on a comparable scale to the anthropogenic influence on OA forcing. While we have not assessed the annual 542 global mean BBA DRE across other years, we have quantified the northern hemispheric fire season BBA DRE from 2012-543 2014, which show generally similar trends across years with some variability; larger boreal fire years generally affect the 544 DRE driven by GFED4s and GFAS1.2 the most (see 2014 in Fig. S7) . 2014 also appears to be an outlier year where 545 GFED4s and GFAS1.2-driven OA DRE is larger than QFED2.4-driven DRE across both BONA and CONUS and also 546 globally, consistent with our emissions analysis (See Fig. 5 ).The IPCC estimate of aerosols' contributions to the DRF only 547 includes one set of historical fire emissions and one for each RCP -this choice allows for better intermodal comparisons but 548 masks underlying uncertainty from fire emissions, which we have shown here to be important. 549
Conclusions 550
Most models do not test basic uncertainty associated with fire emissions both in air quality and climate studies -our work 551 suggests that this uncertainty is large and may substantially impact our understanding of fire impacts. We provide an 552 evaluation of this uncertainty by comparing multiple, commonly-used fire emission inventories (GFED4s, FINN1.5, 553 QFED2.4, and GFAS1.2) that have become available in the last five to ten years. We show that the four inventories perform differently depending on species, location, and season. We also calculate that average BC and OC emissions differ by 555 roughly a factor of five and four, respectively, across the inventories in BONA. The range in BC and OC emissions in 556 CONUS is even larger (a factor of ~7 and 6, respectively). Global ranges in BC emissions are smaller than those in North 557 America (~2.3) with a somewhat more modest spread (~1.7) in OC emissions, possibly because of emission factor 558 differences. We also show that dry matter, not emission factor, differences are the driving force for emissions variation 559 across inventories. 560
561
With such large differences in emissions, we test which of these inventories drives model simulations closest to observations 562 over North America. We show that modeled concentrations both at the surface and aloft show variable skill across 563 inventories when compared to in situ observations (IMPROVE, DC3 and ARCTAS campaigns) with FINN1.5 biased low for 564 BC and OA and QFED2.4 biased high against observed BC. GFED4s and GFAS1.2-driven AOD also do a better job 565 matching MODIS-observed AOD over the regions, in general and with specific features, than FINN1.5 and QFED2.4. 566 QFED2.4 emissions may be biased high because they were scaled up to ensure that the GEOS model AOD simulation 567 matches satellite-observed AOD, potentially mis-attributing biases in aerosol extinction efficiency and SOA formation in the 568 GEOS model to emission; MODIS AOD has also been shown to be high in some environments (Lapina et al. 2011 ). That 569 these enhancement factors are too high is further reinforced by the fact that, after adjusting the QFED2.4 emissions 570 downward to account for our different OM:OC ratio, QFED2.4 simulations of OA match observed concentrations fairly well 571 across campaigns -while BC concentrations remain much too high. The assumptions that FINN1.5 uses to compute burned 572 area from active fire counts likely contribute to its low bias and should be revisited, especially for regions with large 573 wildfires (e.g., boreal Canada and the western US). We also show that a laboratory-based parameterization for fire SOA, 574 scaled from fire POA emissions, does improve model agreement with observations in some regions. However, from our 575 comparisons, the range in POA emissions makes it challenging to discern whether SOA from fires is significant. 576 577 This range in fire emissions also carries through to uncertainties in the air quality and radiation impacts of fires, which we 578 have shown to be large and significant. Over North America depending on the inventory used, large differences in both the 579 spatial extent of BBA-only annual surface concentrations and also in population-weighted annual fire PM2.5 exposure (0.5 -580 1.6 µg m -3 for 2012) arise. We have also shown that fire emissions uncertainty produces a considerable envelope in global 581 BBA DRE (-0.062 W m -2 ), roughly comparable to the direct radiative forcing of OA (-0.09 W m -2 ) reported in AR5. 582 583 Additional evaluation of satellite-based fire emission inventories, particularly in other large BB source regions, would help 584 to provide insight into fire emissions uncertainty. Observations at all scales (surface, aloft, and satellite) are needed to better 585 constrain our understanding of fire emissions and processing. To bridge fire emissions and subsequent impacts, additional 586 investigation of uncertainties in fire aerosol aging and processing (e.g., injection heights, mixing state, SOA formation, etc.) is needed. Our work suggests that emissions uncertainty is a major factor in our ability to model the air quality and climate 588 impacts of fires and should be incorporated into modeling studies of both. 
